Abstract. The focus in this paper is on knowledge spillovers between high-technology firms in Europe, as captured by patent citations. High-technology is defined to include the ISIC-sectors aerospace (ISIC 3845), electronics-telecommunication (ISIC 3832), computers and office equipment (ISIC 3825), and pharmaceuticals (ISIC 3522). The European coverage is given by patent applications at the European Patent Office that are assigned to high-technology firms located in the EU-25 member states (except Cyprus and Malta), the two accession countries Bulgaria and Romania, and Norway and Switzerland. By following the paper trail left by citations between these hightechnology patents we adopt a Poisson spatial interaction modelling perspective to identify and measure spatial separation effects to interregional knowledge spillovers. In doing so we control for technological proximity between the regions, as geographical distance could be just proxying for technological proximity. The study produces prima facie evidence that geography matters. First, geographical distance has a significant impact on knowledge spillovers, and this effect is substantial. Second, national border effects are important and dominate geographical distance effects. Knowledge flows within European countries more easily than across. Not only geography, but also technological proximity matters. Interregional knowledge flows are industry specific and occur most often between regions located close to each other in technological space.
Introduction
The last few years have witnessed an increasing interest in knowledge spillovers. The importance of knowledge spillovers is widely recognised. Modern endogenous growth theory, for example, casts knowledge spillovers from investments in R&D as a central component in generating the increasing returns which sustain long-term growth (see, for example, Romer 1990 ). In these theories, it is typically assumed that knowledge spills over to other agents within the country, but not to other countries. Yet there is no good reason to believe that knowledge stops spilling over because it hits a national boundary.
The last few years have seen the development of a significant body of empirical research on knowledge spillovers. Empirical analysis of the externalities is usually carried out using the R&D expenditure that helps to create them, rather than the inventions themselves. Many different measurements 2 provide varied evidence of knowledge spillovers at the aggregate level. Most of the studies find some evidence for 1 In this paper we use the notions knowledge spillovers and knowledge externalities interchangeably. 2 Various methods have been used in attempts to measure externalities. One calculates the elasticity of output with respect to R&D at various levels of aggregation. The R&D input to production is usually measured hereby as the stock of R&D, thus treating it as a normal input into current production. In the standard Cobb-Douglas form, this elasticity is the estimated exponential parameter on the R&D input. At the firm level, the elasticity with respect to the firm's internal stock of knowledge capital is expected to be smaller than the elasticity with respect to the entire stock [internal and external] that actually gets used by the firm. An increase in the measured elasticity of the knowledge stock is taken as evidence of a positive R&D spillover. Aside from conceptual problems this measurement approach requires that there be sufficient independent variation in inside and outside R&D to be able to separate their effects (Carlow and Lipsey 2002) .
such spillovers, some do not (see Griliches 1992 Griliches , 1995 . Generally speaking, this research has shown that new technological knowledge spills over and complements R&D in some industries, especially in high-technology ones (see Bernstein and Nadiri 1988) .
But the spatial range of such knowledge spillovers is greatly contested 3 (see Karlsson and Manduchi 2001) . Several explanations have been offered for this lack of agreement, such as for example the notorious difficulty to measure knowledge spillovers. Indeed, Krugman (1991, p. 53 ) has argued that economists should abandon any attempts at measuring knowledge spillovers because "knowledge flows ... are invisible; they leave no paper trail by which they may be measured and tracked". The work of Jaffe, Trajtenberg and Henderson (1993) , however, pointed to one important exception. They argued that spillovers of knowledge may well leave a paper trail in the citations to previous patents recorded in patent documents. Because patent documents contain detailed information about the technology of the patented invention, the inventor and his/her residence, the assignee (generally, the firm) that owns the patent rights, and citations to previous patents, these patent documents provide an important resource for analysing the geography of knowledge spillovers.
This paper follows Jaffe, Trajtenberg and Henderson (1993) to use patent citations as a proxy for knowledge spillovers 4 . The focus is on externalities within the high-3
Most studies identifying the spatial extent of knowledge spillovers are based on the Griliches-Jaffe knowledge production function model to measure knowledge spillovers, indirectly via effects on the output of the knowledge production function. Note, however, that this type of research is not without problems. The problems center around the question of whether the spatial units of observation are appropriately chosen, whether and how spatial effects are taken into account, how the output of the knowledge production process is measured, whether available measures actually capture the contribution of R&D spilled-over, how the spillover pools are constructed, and R&D capital deflated and depreciated. Despite these difficulties, there has been a significant number of reasonably well done studies (see, for example, Anselin, Varga and Acs 1997; Bottazzi and Peri 2003; Fischer and Varga 2003) , all pointing in the direction that knowledge spillovers tend to be geographically bounded within the region of knowledge production.
technology sector 5 . The objective of the paper is to identify and measure those types of spatial separation that tend to impede the likelihood of knowledge spillovers between regions in Europe 6 . In particular, we are interested in the questions whether or not knowledge -as captured by patented inventions -flows more easily within countries than between, and to what extent geographic distance between inventions has an influence on these knowledge flows. As we consider spatial separation effects to interregional spillovers in a multiregional setting it is important to control for technological proximity between regions as geographical distance could be just proxying for technological proximity.
In using patent citation data from the European Patent Office [EPO] this paper builds on recent work by Maurseth and Verspagen (2002) , but departs from this prior analysis in four major aspects. First, it adopts a spatial interaction modelling perspective to identify and measure spatial separation effects, and develops the appropriate model specification to account for the integer nature of interactions in the given context. Second, we follow the paper trail left by individual patent citations in high-technology industries to track the individual flows within a discrete representation of space. This allows us to properly control for intrafirm patent citations 7 . Third, citations to a patent are counted for a window of five years to overcome at least partially the truncation bias that is due to the fact that we observe citations for only a portion of the life of an invention, with the duration of that portion varying across patent cohorts. Finally, the study extends the geographic coverage, essentially from the EU-15 to the EU-25 countries on the one side, and limits the context to the high-technology sector on the other.
The reminder of the paper is organised as follows. The section that follows explains in some more detail the nature of patents and patent citations, and briefly discusses how patent citations can be used as an indicator for knowledge spillovers. What is obvious or not can be very difficult to evaluate. Different national patent offices have taken different approaches to this problem. While, for example, among the European countries, in Germany the threshold is comparatively high, the requirements in the UK are much lower. In extreme cases, this may lead to a situation where a patent on a given subject is granted in one country, but not in another (Michel and Bettels 2001) .
9
See Griliches (1990) for a more detailed discussion.
rooted in the fact that it may be optimal for inventors not to apply for patents even though their inventions would satisfy the criteria for patentability (Trajtenberg 2001) .
Inventors balance the time and expense of the patent process, and the possible loss of secrecy which results from patent publication, against the protection that a patent potentially provides to the inventor 10 (Jaffe 2000) . Therefore, patentability requirements and incentives to refrain from patenting limit the scope of our analysis based on patent data. This noise creates a bias against finding spillovers. Fortunately, Thompson (2003) illustrates that bias in this direction is a problem of power, which can be overcome with a sufficiently large sample size. His result also implies that patent citations are more indicative of patterns of knowledge flows at the level of organisations, industries and regions than at the level of individual patents (Jaffe, Fogarty and Banks 1998) .
The Patent Citation Data and Some Descriptive Statistics
10 Though some firms may choose not to patent inventions, patenting in high-technology industries is commonly practiced and a vital part of maintaining technological competitiveness. High-tech firms use patents not only to protect the returns to specific inventions but also to block products of their competitors, as bargaining chips in cross-licensing negotiations, and/or to prevent or defend against infringement suits (Jaffe 2000 , Almeida 1996 .
11 In the US, it is -in contrast to Europe -a legal requirement to supply a complete list of the state of the art, and non-compliance by the patent applicant can lead to subsequent revocation of the patent. Thus, applicants tend to quote each and every reference even if it is only remotely related to what is patented, rather than running the risk of filing an uncomplete list (Michels and Battels 2001).
The European coverage in our study is achieved via European patent applications. By
European patent applications we mean patents applied at the European Patent Office daunting as that task would be, one must then decide when a citation is a self-citation and when it represents a spillover. The judgement depends on the degree of interaction taking place between related firms. This does not seem to be an operational criterion (Thompson 2003) .
The spatial interaction modelling perspective we adopt in this study shifts attention from individual patent citations to interregional patent citations or from the dyad "cited patent -citing patent" to the dyad "cited region -citing region". Accordingly, all citation data were aggregated into a region-by-region matrix (c ij ) where c ij denotes the number of patent citations from region j (j=1, ..., J) to region i (i=1, ..., I). 
The Spatial Interaction Modelling Perspective
We adopt a spatial interaction modelling perspective to identify and measure spatial separation effects to interregional knowledge spillovers as captured by patent citations among high-technology firms. Mathematically, the situation we are considering is one of observations c ij (i=1, ..., I=188; j=1, ..., J=188) on random variables, say C ij , each of which corresponds to the interfirm transfer of knowledge from region i to region j. We are interested in models of the type Note that this error term relates to a pair (i, j) of regions. We aim to develop appropriate models for the systematic part, ij µ , of the stochastic relationship with other random variables which are the forecasts.
Spatial interaction models simultaneously incorporate the effect of origin and destination characteristics and separation. Mathematically, they may be written as
where ij µ denotes the estimated knowledge flow from region i to region j. A i represents a factor characterising the origin i of interaction, and B j a factor characterising the destination j of interaction, while F ij is a factor that measures separation from i to j.
Origin and destination factors may be viewed as weights associated with origin and destination variables. Their classical specifications are given by power functions 1 1 ( , ) The separation function F ij constitutes the very core of spatial interaction models.
Hence, a number of alternative specifications of F ij have been proposed. In this study we use the multivariate separation function
that provides a flexible representational framework for the purpose of our study.
(1) ( ) ( , ..., )
Our interest is focused on K=4 measures:
(1) ij d represents geographic distance measured in terms of the great circle distance [in km] between the regions' economic centres, Maurseth and Verspagen (2002) .
We divide the high-technology patents into fifty-five technological subclasses, 19 The dummy is set equal to zero for pairs of regions that are located within the same country, and to one otherwise. 20 The language barrier dummy is set equal to zero for pairs of regions that share the same language, and one otherwise. Integrating (2)- (5) into (1) yields
Fitting this model to the patent citation data is a question of estimating the unknown parameters 1 2 , α α and k β (k=1, ..., K). At a first glance it is tempting to express (6) equivalently as a log-additive model of the form ( ) 1 2 1 log log log
with ( )
and then proceed to estimate the parameters by ordinary least squares regression of the observations c ij on a i , b j , and d ij .
However, such an approach suffers from two major drawbacks. First, the regression produces estimates of the logarithms of ij µ , not of the ij µ 's themselves. The antilogarithms of these estimates are biased estimates of ij µ . One of the effects of this is to underpredict large patent citations flows, and to underpredict the total flow (see Flowerdew and Aitkin 1982) . Second, estimating the parameters by the ordinary logadditive regression model given by Equations (7)- (8) would only be justified statistically if we believed that flows C ij were independent and log-normally distributed about their mean value with a constant variance. Such an assumption, however, is not valid since patent citation flows are discrete counts whose variance is very likely to be proportional to their mean value (see Bailey and Gatrell 1995, among others) .
The Poisson Model Specification and Maximum Likelihood Estimation
Least squares and normality assumptions ignore the true integer nature of patent citation flows and approximate a discrete-valued process by an almost certainly misrepresentative continuous distribution (Fischer and Reismann 2002) . To overcome this deficiency, it seems natural to assume that the C ij given A i , B j and F ij are iid Poisson distributed with density
where the mean parameter µ [that is, the conditional expectation of (i, j) patent citations,
, , exp log ( , ) log ( , ) log , Parameterisation (10) implies a particular form of heteroskedasticity, due to equidispersion or equality of conditional variance and conditional mean:
, , , , .
It also implies the conditional mean to have a multiplicative form given by 1 2 1 2 , , exp log ( , ) log ( , ) log ( , ) ( , ) ( , ) ( , ).
The Poisson specification of the spatial interaction model (6) shows some interesting advantages. First, it is analogous to the familiar econometric regression specification 
for 1,..., (15), (16) and (17)] equal to zero and solve the resultant equations:
for =1, ..., and for =1, ..., , and for 1,..., .
Convergence is guaranteed because the log-likelihood function is globally concave 22 .
A Generalisation of the Poisson Spatial Interaction Model
The above 
where 22 The Hessian of the log-likelihood function is always negative. After estimation, the negative inverse of the estimated Hessian can be used for estimation of the asymptotic covariance matrix of the parameter estimates.
23 Hausman, Hall and Griliches (1984) give results that are suggestive of ours, though pursuing a different specification in the context of the patents-R&D relationship. exp log ( , ) log ( , ) log ( , ) exp log ( , ) log ( , ) log ( , ) exp( )
and 1 exp( ) Gamma ( , ).
If exp( ) ij ξ is gamma distributed and independent of the explanatory variables, c ij has a negative binomial distribution (Cameron and Trivedi 1998) :
where (.) Γ is the gamma function and 0 δ ≥ the dispersion parameter. The larger δ is, the greater the dispersion. Specification (22) with (20)- (21) 
. (9) and (10), and equation (22) with (20) and (21) 
Estimation Results
. i a is measured in terms of patents (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) in the cited region i, j b in terms of patents (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) in the citing region j, 
Summary and Conclusions
A revival of interest in economic geography during the last decade has renewed efforts to consider knowledge spillovers as a geographical phenomenon. In adopting this view one is confronted with two challenges. The first is the notoriously difficult issue to measure knowledge spillovers and the second one the issue to model the geographic dimension of knowledge spillovers. In confronting the first challenge we used patent citations as proxy for knowledge spillovers and followed the paper trail left by patent 26 See Fischer (2001) for a discussion of the concept of a system of innovation.
citations to track this specific type of knowledge flows within the high-technology sector across Europe. To address the second challenge we adopted a spatial interaction modelling perspective. This perspective shifted the focus of attention from individual to interregional patent citations, from the dyad "cited patent -citing patent" to the dyad "cited region -citing region".
The basic goal of this study has been to identify and measure spatial separation effects to interregional knowledge spillovers. The previous section has produced prima facie evidence that knowledge spillovers are geographically localised. National borders have a negative impact on knowledge flows, and this effect is very substantial. Knowledge flows are larger within countries than between regions located in different countries. The results also indicate that geographical proximity matters, while also suggesting that these effects are much smaller than the border effects. Knowledge spillovers occur more often between regions that belong to the same country and are in geographical proximity. Technology proximity tends to overcome geographical proximity. Interregional knowledge flows seem to follow particular technological trajectories, and occur most often between regions that are located in technological space, not too far from each other.
The results support the conclusion that national and sectoral systems of innovation matter at least as far as high-technology firms are concerned. This is a conclusion that has important policy implications. European regional cohesion appears to be at stake, especially -but not exclusively -because of the localised nature of knowledge flows.
The results also have important implications for modelling technological change and economic growth. They provide strong empirical support for the models of endogenous economic growth, such as Romer (1990) , in which localised knowledge spillovers are simply assumed. 
